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Abstract 
Most of the studies available in the literature about sequential Monte-Carlo sampling algorithm assume that a sufficient number 
of process observations is available, to guarantee the convergence of the algorithm on the target process evolution. This 
requirement is remotely met if the process of fatigue crack growth is concerned, due to the costs of maintenance procedures, 
especially within the aeronautical field. A real-time diagnostic system is the enabler of the prognostic health monitoring 
methodology.  
This work is about the application of sequential Monte-Carlo sampling to estimate the probabilistic residual lifetime of a 
monitored structural component, subjected to fatigue crack propagation. A real-time diagnostic unit for crack detection and 
damage assessment, trained with Finite Element simulations of damage evolution, generates the information as input to the 
prognostic unit. A crack propagation model provides the knowledge of the residual lifetime prior to the application of fatigue 
loads. The prognostic unit updates in real-time the probability density functions of the component residual lifetime at each 
discrete time during fatigue crack evolution. The methodology is preliminarily applied in simulated environment to an 
aeronautical metallic panel and the overall performance of a fully autonomous prognostic health monitoring system based upon 
simulated strain measures is evaluated. 
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1. Introduction 
Many research studies are nowadays devoted to the optimisation of diagnostic and prognostic algorithms for 
Structural Health Monitoring (SHM). From one hand, machine learning techniques, such as Artificial Neural 
Networks (ANN) [1], are particularly suited to tackle the damage identification problem, consisting in the 
identification and characterisation of the structural damage. From the other hand, Sequential Monte-Carlo (SMC) 
methods are a powerful tool for the sequential filtering of the prior information about possible state evolutions 
(usually in the form of a Dynamic State Space - DSS), based on the measures provided by any diagnostic system [2]. 
One drawback of SMC algorithms is that they need a sufficient number of iterations to obtain a stable identification 
of the inferred state vector, sometimes including also the parameters governing the damage evolution model itself, 
and one measure is expected at each iteration. This turns out to be unrealistic in many applications, especially within 
the aerospace field, due to the costs associated with maintenance procedures and aircraft idle times. 
A fully autonomous Prognostic Health Monitoring (PHM) system for the Residual Lifetime (RL) estimation during 
a virtual Fatigue Crack Growth (FCG) test is described inside this paper. Real-time measure of crack length is 
provided by a committee [1] of ANN models which are trained on Finite Element (FE) simulated strains. A 
distribution of measures is thus available at each step during the component life. Among the SMC methods, the 
Sequential Importance Resampling (SIR) is applied hereafter. SIR from the available DSS is performed based on the 
measure distributions, providing a filtered estimate of the crack length, the FCG model parameters and the RL 
distributions [3]. The method is applied to a helicopter panel consisting of an aluminium skin-stringer reinforced 
structure [4].   
The paper is structured as follows. The theory and the methodology applied in this study are briefly discussed in 
Section 2 while results for the simulated PHM test are presented in Section 3. A conclusion section is finally 
provided. 
2. Theory and methods 
2.1.     Diagnostic system 
A model-based diagnostic unit has been developed by the authors in [5] for helicopter panels. It consists of a 
committee of ANNs trained with numerically simulated strain, providing indication of anomaly existence, then 
damage localisation and assessment. If a model-based training is applied, it will be very important to guarantee 
sufficient levels of generalisation capability for the ANN algorithm, thus some regularisation techniques will have to 
be adopted. Besides cross-validation and early stopping, the usage of many ANN models trained on various 
Bootstrap datasets [1] can be considered here a further aid to generalisation as it might avoid overtraining. In 
practice, it can be demonstrated that the combination of M multiple models can reduce the error by a factor M with 
respect to the average error of the single ANN models, provided the errors of the individual models are uncorrelated. 
An ANN structure was built in [5], receiving as input 20 damage indices based on the strain measures simulated 
with a validated FE model of the structure under consideration [4], processing the data through one hidden layer and 
providing crack length measure as output. 60 ANN models with the same structure but trained on different 
Bootstrap datasets have been grouped into one committee. The performance of the diagnostic system can be 
appreciated in Fig. 2-a, where the real damage evolution and the committee output distributions have been plotted as 
a function of load cycles. 
2.2.     Prognostic system 
It is clear from Fig. 2-a that the uncertainty related to the measure of crack length is very wide if compared to 
classical Non-Destructive Testing (NDT) technologies. SIR from a DSS based on the sequential disposal of measure 
distributions can help reducing the uncertainty levels, thus providing a filtered estimate of the posterior probability 
density functions (pdf) of the monitored variables, here crack length, evolution model parameters ad RL. The 
general formulation of the DSS model is based on the following relations: 
( )111 ,, −−−= kkkk xgx ωϑ           (1) 
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( )kkk xhz η,=            (2) 
Where g and h are the damage evolution equation and the observation equation respectively, kx is the state condition 
(here crack length) at thk discrete time, ϑ  is the model parameter vector, 1−kω  is a random noise perturbing the 
theoretical damage evolution and kη  is the uncertainty affecting the measures, intrinsic to the diagnostic system. 
SIR algorithm is aimed at finding the posterior distribution of the crack length and the model parameters 
)|,( :1 kkk zxp ϑ and it basically consists in the iterative application of the prediction and updating steps described in 
Fig. 1. At thk discrete time, each sample )(ikx  from the evolution model (here a stochastic formulation of Paris’s 
Law is applied, and 3000=sN  samples are considered) is assigned a weight proportional to its likelihood with 
respect to the observation distribution )( jkz , being j the identification number for each ANN model belonging to the 
committee, as in Eq. (3). As a measure distribution is available at each step, the likelihood is approximated as
( )( )kkikk zxf |)( ϑ  [6], kf  being the non-Gaussian pdf of the measure at thk  discrete time. The posterior distribution 
for the inferred variables can thus be reconstructed as in Eq. (4). 
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Once the crack length and model parameter’s pdf are updated at thk  discrete time (C and m parameters for the 
Paris’s Law are also inferred in this study), samples )(ikx  are propagated until a predefined failure limit, here set to 
120mm crack length, and a pdf of the failure cycle fN  conditioned on the observations )|( :1, kkf zNp  is provided. 
No indication on the procedure for parameter updating and stochastic damage propagation is provided herein for 
brevity, nevertheless the interested reader can refer to dedicated literature on the subject [7].  
Fig. 1. Structure of PF algorithm for the sequential estimation of RL based on the output measure distribution from a committee of ANNs.  
3. Results 
One crack propagation has been simulated through a FE model, assuming C and m parameters equal to 2.38e-12 and 
3.2 respectively. Modelled strains at sensor location (refer to [4] and [5]) have been processed through a diagnostic 
unit for damage assessment and sequential measure distributions have been filtered through the SIR algorithm. The 
first output of the PHM is the posterior estimate of crack length, as reported in Fig. 2-a. The system is also able to 
refine in real-time the knowledge about the actual parameters for damage evolution (Fig. 2-c and 2-d) and uses this 
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updated information to propagate virtual damage samples until failure (here 120mm). The main result is a filtered 
posterior estimate of the RL distribution (Fig. 2-b), which is conditioned on the observation of the damage during 
the component life. The algorithm is assigned a wrong a priori information about model parameters (C and m
initialised to 5.6e-12 and 2.9 respectively). After a burn-in period necessary for the algorithm to correctly adapt to 
the actual damage evolution, the correct parameters have been identified and the uncertainty on the RL is strongly 
reduced. 
Fig. 2. Results for PF when applied to the numerical framework; (a) state filtering (crack length) as a function of load cycles; (b) RL estimation; 
(c) and (d) estimation of crack propagation model parameters. 
4. Conclusion 
The performance of the proposed approach for damage diagnosis and residual lifetime estimation have been 
demonstrated, at least in a virtual framework of FCG. Such algorithm is able to reduce the uncertainty in the 
diagnostic output as well as to update the parameter of the damage evolution model based on the real-time 
observation obtained from the diagnostic system. This provides a refined estimation of RL distributions that could 
be used for a dynamic and more reliable setting of inspection intervals. Future research will be devoted to the 
validation of the methodology in real applications.  
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